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ABSTRACT 
This study investigated the effect of changes in the scale of imagery on landscape elements 
and in turn on calculating the loss of resources in a rangeland catchment. The CSIRO Leakiness 
Calculator was used as the analytic tool to measure the leakiness of the experimental catchment 
under a variety of scenarios. 
 The approach was to use concurrent images of the same catchment area captured at 
different native resolutions and to upscale the high resolution image to match the lower resolution 
images to see the effect on calculated catchment leakiness. Two  indices, the Stress-related 
Vegetation Index (STVI) and the Redness Index (RI) were used to measure land cover. The 
experimental catchment covered about 6,000 ha south-west of Charters Towers in North 
Queensland. 
The two cover indices produced markedly different cover and leakiness results and these 
results varied with native image scale. The upscaled images also yielded different cover and 
leakiness results which did not coincide with comparable native scale image analyses. 
The causes of the lack of agreement between the results were investigated using 
semivariance analysis techniques. The calculated leakiness of the native scale images showed no 
clearly defined relationship with the resolution-dependent amount of cover or the sill semivariance 
but it was strongly correlated with the negative power of the image resolution. The calculated 
leakiness of the upscaled image had a strong negative power correlation with the resolution-
dependent amount of cover, image resolution and sill semivariance. 
The findings highlight the importance of carefully considering all input variables including 
image preprocessing, type of cover index and resolution of the image when comparing the 
leakiness of different catchments using the Leakiness Calculator. These results indicate that it may 
be not possible to make meaningful comparisons of landscape leakiness of the same area 
between images of different scales or from different sensors. 
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1 INTRODUCTION 
There is a growing need to assess the ecological condition of rangeland catchments due to 
increased grazing pressure, climate change impacts and downstream water quality concerns. A 
range of archival and on-demand imagery sources spanning different time periods, collected at 
different resolutions and by different sensors is available. The large areas of rangeland involved 
necessitate multi-scene and multi-temporal comparisons and the production of aggregated data to 
provide overview assessments. To date there has been no reported evaluation of the comparability 
of ecosystem condition monitoring from images at different scales and from different sensors..  
The role of landscape elements is fundamental to the resource conserving nature of resource 
limited landscapes. Scale strongly affects the recognition of these landscape features in imagery 
(De Jong et al., 2011) however its effect on calculating the loss of resources (leakiness) from 
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imagery has not been addressed to date. The CSIRO Leakiness Calculator (Ludwig et al., 2006) is 
software that uses a Digital Elevation Model, a catchment analysis mask and a landscape cover 
image to calculate the leakiness of a catchment. It was the primary analytical tool used in this 
study. 
The study objectives were to find out: 
i. What is the relative leakiness response of the same temporal scene at different native 
resolutions? 
ii. How does leakiness respond to scene up-scaling? 
iii. What is the relationship between native scene and up-scaled scene leakiness at the 
same resolution? 
iv. What causes the response in iii above?   
2 ECOSYSTEM FUNCTION 
2.1 Landscape Function Measurement 
Landscape Function Analysis (LFA) began as a manual field based method of recording and 
analyzing features of the landscape that could be relied upon to yield consistent indicators of 
ecosystem condition (Tongway et al., 2004). New techniques using satellite imagery to monitor 
surrogates of ecosystem function are replacing field based measurements (Bastin et al., 2002; 
Scarth et al., 2008; Bastin et al., 2012; Schmidt et al., in prep). These include measurements of the 
abundance, condition and relative position of landscape features as well as their changes over 
time. 
The banded vegetation patterns that are a common theme in Australian rangelands are due 
to topographic and landscape hydrological processes (Tongway et al., 1990). A Trigger, Transfer, 
Reserve, Pulse (TTRP) model was  shown to explain how the natural features of wind, water and 
landscape elements combined to conserve and utilize resources (Ludwig et al., 1997). These 
process are three dimensional and operate in both banded and non-banded landscapes and at 
small and large scales (Wilcox et al., 2003). They indicate the type of landscape features that can 
be measured to assess temporal changes in landscape function. 
Spatial resolution of an image determines how landscape features are recorded at the pixel 
level through setting the sampling interval and the support base (Atkinson 2004) for the image. 
Ecosystem function also varies with the size of the landscape feature (Ludwig et al., 2000) and this 
“double-scale effect” compounds the interpretation of landscape function from imagery. Most 
imagery based LFA measurements have been based on Landsat images with pixel sizes ranging 
from 25 to 80m (Bastin et al., 2008). To be able to analyse changes in rangeland condition over 
extended time periods and geographical extents it is necessary to use different types of imagery 
with different resolutions. This requires that we know the effect of image resolution on 
measurement of landscape function. Analysis of the pattern of the Perpendicular Distance cover 
index of the red band over the green band (PDr/g) (Pickup et al., 1993) for sites at different 
distances from livestock watering points showed a strong correlation with land condition 
measurements. A similar pattern of land condition was also observed at the catchment scale 
(Ludwig et al., 2004). These studies showed a consistent correlation between quantity and quality 
of vegetation patches and land condition at both coarse and fine scales. This suggested the 
measurement of intactness of ground cover and greenness of patches as surrogates for the 
resource conserving condition of the landscape. The use of satellite imagery to record these 
attributes over large areas offers the opportunity for increased use of LFA in land management and 
policy setting (Ludwig et al., 2004). 
 
2.2 Leakiness Calculation 
A sequence of automated leakiness calculation procedures was developed by Ludwig et al 
consisting of the Directional Leakiness Index (2002), the Cover Based Directional leakiness Index 
(2006) and the Leakiness Calculator (LC) (2007a). The LC incorporates both elevation and cover 
data in a distributed flow calculation based on the T Hydro approach (Ostendorf et al., 1993) to 
allow accumulation and flow to and from all neighbouring pixels. The procedure calculates the total 
leakiness exiting from the pour point of a catchment by an equation in the following form: 
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where   , 
in which c = pixel cover index value (%), and 
              b = -0.065, the steepness of a graph of the decline in soil loss with increasing cover 
(Ludwig et al., 2007a). 
This relationship was found to provide consistent and verifiable results when  historical 
Landsat imagery of a rangeland site with a known grazing management history was analysed 
(Bastin et al., 2002). Testing of the Leakiness Calculator at different scales in rangeland in the 
Fanning River catchment in the dry tropics area of North Queensland (Bastin et al., 2008) found 
that: 
i. there was a clear inverse relationship (as expected) between leakiness and cover 
when tested at a fine scale (5m2), 
ii. the relationship between  leakiness values derived from the Landsat based Ground 
Cover Index (25m2) (Scarth et al., 2008) of catchment condition was consistent, and  
iii. there was no consistent relationship between leakiness and PATCHKEY data 
(Corfield et al., 2006) collected from 100-200m2 patches. 
 
The Calculator produces a series of analyses for each catchment. These include the 
Average Cover (%), Calculated Leakiness (L Calc) and the Leakiness Index (LI). The average 
cover and calculated leakiness were the two measures used in this analysis. The Leakiness Index 
was not used because it is a normalized value derived by dividing the calculated leakiness value 
by a user selected variable maximum leakiness setting, sufficient to yield an Index ranging from 0 – 
1. This is useful for comparing the leakiness performance of catchments but not for analysing the 
behaviour of cover, leakiness and variance between different cover indices and at different scales. 
 
2.3 Scaling Effects 
There are two types of spatial scale in images, scale of measurement and scale of variation 
(Atkinson et al., 2000). As well, images also exist within a temporal scale as reflected by their date 
of capture. Spatial data are the result of sampling at a particular measurement scale (interval and 
support) and contain within them the spatial variation associated with that scale of measurement. 
Leakiness measurement relies on the type and location of cover features in a catchment. The 
scale determines the features and their spatial variation. These change with change in resolution, 
either through expression or regularisation due to the inherent autocorrelation within an image. 
Measuring the amount of autocorrelation in a scene provides a measure of the spatial variation 
which may be able to be used to measure how the leakiness of a catchment changes with change 
in resolution. 
Change in spatial pattern affects loss or retention of features through regularisation. Turner 
et al., (1989) showed that landscape features that were clumped were retained when resolution 
was decreased while features that were dispersed were rapidly lost. Wu et al., (2002) found that 
different types of landscape metrics exhibited different types of responses when regularised. Their 
response to changes in scale were either; a) predictable (simple equations), b) stair-case like (less 
predictable), or c) erratic (no consistent scaling relationship). They suggested the use of metric 
scalograms to quantify spatial heterogeneity rather than single scale measures. Multiscale analysis 
was also shown to be needed to adequately characterise the diversity of features in a landscape 
(Wu 2004). In studies of bare-ground patches in semi-arid ecosystems Karl et al (2010) found the 
segmentation level whose regression predictions had a spatial dependence closest to the spatial 
organisation of the field samples showed the highest predicted-to-observed correlation. A range of 
“best” analysis scales may exist depending on the attributes being measured along with a need for 
methods to identify scales that perform best for specific analysis purposes. 
Aggregation methods used in up-scaling images to coarser resolutions change the spatial 
characteristics of the image. The amount of change depends on whether the  aggregation is 
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coarser of finer than the autocorrelation range of the parent image (Bian et al., 1999). Spatial 
variability and spatial structure are both able to be quantified from the  semi-variance and the 
variogram model for a scene (Garrigues et al., 2008).  Collins et al., (1999) showed that the 
regularised variogram provided an estimate of the resolution dependent variance and that this was 
independent of the spatial structure of the underlying scene. 
Bradshaw et al., (2000) found that both pattern and process play an important role in 
determining the scale at which to monitor ecosystems. They suggested that spatial and temporal 
scales of the landscape features and the ecological processes be considered when selecting the 
spectral, spatial and temporal resolution of imagery  for landscape monitoring programs. Ludwig et 
al., (2000) also developed rules and equations for scaling functions to integrate scale dependent 
landscape patterns with the ecological processes associated with them. This approach integrates 
the interdependency of measurement scale with ecological scale. The observation scale must 
allow detection of the ecologically significant landscape features from which the scaling 
relationships can then predict ecological behaviour. Ludwig et al., (2000) illustrated this by a rule 
for landscape patches, namely: “The concentration of resources (per unit area) becomes 
increasingly greater as patch size increases”. They also suggested the existence of a 
landscape patch rule for runoff. Further work established the importance of patch configuration on 
resource loss (Ludwig et al., 2007b). 
A primary tool for calculating rangeland condition and resource loss is the CSIRO Leakiness 
Calculator. The reasonableness of its predictions using ground cover data at 25m to 80m has been 
verified by a number of studies (Pickup et al., 1993; Bastin et al., 2008). Before this approach can 
be used more widely it is desirable to know how image scale affects leakiness measurements. The 
following section outlines the methods used to address the effect of image scale on leakiness in 
this study.   
3 METHODOLOGY 
This analysis used two measures of ground cover, the Stress related Vegetation Index 
(STVI) and the Redness Index (RI) to explore the comparability of catchment leakiness from 
concurrent images at different resolutions of the same catchment. The STVI was equivalent to 
STVI-4 (Thenkabail et al., 1994) reported by Jafari et al., (2007) to produce a high correlation with 
perennial plants and total vegetation in South Australian semi-arid rangelands. The advantage of 
the STVI over the NDVI is that it is reported to highlight vegetation cover in situations of moisture 
stress while reducing the effect of soil background reflectance. The RI (Bannari et al., 1995) was 
used as a general cover index for chlorophyll rich vegetation. The RI yielded a higher cover and a 
lower leakiness values than the STVI (Fig 4-1). 
Previous leakiness studies (Pickup et al., 2000; Bastin et al., 2008) have used perpendicular 
vegetation indices, in particular the PD54 index (Pickup et al., 1993). Jafari et al., (2007) showed 
that the STVI-4 index performed marginally better than the PD54 index at their study site. The 
Queensland general Ground Cover Index (Scarth et al., 2006) has also been used in catchment 
leakiness assessments (Bastin et al., 2008). Its use was not included in this study because of the 
absence of confirmed procedures for calculating it from SPOT and MODIS imagery. 
The overall approach was to compare the resource leakiness of an experimental catchment 
using original imagery at three scales that was captured at close to the same time, to upscale the 
higher resolution imagery to match the lower resolution imagery and to compare the calculated 
leakiness (L Calc) values between the native resolution imagery and the up-scaled imagery. A sub-
catchment  in the Selheim River basin 20 km south-west of Charters Towers, Queensland  was 
identified as meeting  the key project selection criteria of grazing land with minimal tree clearing, 
available DEMs, concurrent imagery from SPOT, Landsat TM5 and MODIS satellites that was 
cloud free and that  contained Statewide Landcover and Trees Study (SLATS) reference sites 
(Figure 3-1).  
5 
 
An overview of the processing steps is shown 
in Figure 3-2. The Leakiness Calculator software  
was used to measure the resource loss or 
leakiness of the experimental catchment at different 
spatial resolutions (Ludwig et al., 2007a). The 
DEM, Analysis Mask and Coverage files for use in 
the Leakiness Calculator were formatted according 
to the requirements specified by CSIRO (2007) 
using ERDAS Imagine, SAGA (System for 
Automated Geoscientific Analysis), ArcHydro and 
ArcGIS software. Up-scaling of the 5m DEM and 
10m SPOT image was done by cubic convolution 
using Arc GIS. Coverage calculation was done after 
up-scaling. The key user controlled variables in the 
Leakiness Calculator are the type of ground cover 
measurement, grass type and the Lmax setting.  
 
The Stress related Vegetation Index (STVI) 
(Jafari et al., 2007) and the Redness Index 
(Bannari et al., 1995) were used to estimate the 
amount of vegetative ground cover in the 
catchment. Foliage Projective Cover was not 
masked out of the imagery in making the ground 
cover estimations. “Tall tussock” was used as the 
grass type and Lmax was adjusted so that the 
Leakiness Index (LI) was close to unity for the 
lowest coverage in each set of analyses. This setting did not affect the total calculated leakiness (L 
Calc). The amount of cover (%) and calculated leakiness (Lcalc) were the key results from the 
Leakiness Calculator used in this study.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3-2 Processing procedure for Leakiness scale analysis 
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The spatial variance of the DEM and Coverage files used for the Leakiness Calculations 
were analysed using the Fetex2 IDL extension software under license from the Universidad 
Politecnica de Valencia, Spain (UPV)  (Ruiz et al., 2011). Variograms, UPV indices (Balaguer et 
al., 2010) and custom variogram indices were generated and analysed statistically for explanatory 
relationships using SPSS and Matlab software  as shown in Figure 3-3. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3-3  Statistical analysis and relationship development methodology 
 
4 RESULTS 
4.1 Leakiness 
The leakiness of the experimental catchment is different for different measures of ground 
cover and these respond differently to different native image resolutions. Figure 4-1 shows the 
relationship between the 2 measures of ground cover, STVI and RI and the leakiness calculated 
from them.  
The leakiness based on STVI cover is higher at higher resolutions (10 and 25m) and lower at 
lower resolutions (250m). When compared to the amount of STVI cover, the leakiness at 25m 
decreases along with a decrease in cover from the 10m values and continues to decrease at 
250m, however the amount of cover increases at 250m. A different pattern occurred when 
leakiness was calculated from RI cover. The leakiness at 25m decreased from 10m along with a 
decrease in the amount of cover, and it continued to decrease at 250m and the cover also 
decreased at 250m. An overall inverse relationship between RI leakiness and cover is apparent in 
Figure 4-1 but this does not show up in the way in which leakiness responds to cover as it changes 
from 10 to 25m and 25m to 250m resolution.. 
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Figure 4-1 Change in cover and leakiness for native scale STVI and RI images 
 
Figure 4-2 shows the pattern of changes that occur when the 10m SPOT image is up-scaled 
to lower resolutions. STVI cover exhibits a general linear increase while the leakiness calculated 
from STVI cover values decrease as a negative power of the resolution. A similar pattern of 
response occurs with RI cover where the amount of cover shows a general linear increase and the 
RI leakiness decreases as the negative power of the resolution. The general inverse relationship 
between cover and leakiness is again evident in that the RI cover is higher but the accompanying 
calculated leakiness is lower.. 
 
 
Figure 4-2 Change in cover and leakiness for upscaled STVI and RI images 
 
4.2 Variance 
Omnidirectional bounded variograms for the RI and the STVI cover native images at 10, 25 
and 250m are shown in Figure 4-3. The 10 and 25m resolution variograms have a spherical 
structure while the 250m resolution variograms have a nested exponential structure. The Range is 
between 4-5 pixels at each resolution. The inherent variability based on the sill variance, increases 
with resolution in the RI images however this partly reverses in the STVI images with the 25m 
image being less variable than the 10m image. The effect of this variance reversal between RI and 
STVI images is particularly evident when the semivariance values are plotted as surface contours 
of resolution and lag as shown in Figure 4-4. 
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Figure 4-3 Variograms of native resolution coverage grey scale RI and STVI images 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4-4 Contours of semivariance for native RI and STVI grey scale images 
 
Omnidirectional variograms for the RI and STVI images that have been up-scaled from 5 to 
250m are shown in Figure 4-5. These show a different variance pattern when compared to the 
native image variograms in Figure 4-3. There is a general increase in semi-variance with decrease 
in resolution (both RI and STVI) however the initial spherical structure evident in the 5m variogram 
for each type of cover quickly decays into nugget model variograms without defined sills and 
ranges. This indicates decay of variance with regularization of the image. This decay of variance is 
further shown in surface contour plots of the variance as a function of the resolution and lag shown 
in Figure 4-6. The reason for the erratic behavior of the 120γ semi-variance contour is not known. 
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Figure 4-5 Variograms of up-scaled coverage grey scale RI and STVI images  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4-6 Contours of semivariance for up-scaled RI and STVI grey scale images 
 
Indices of variance were extracted from the semivariograms and tested for correlation with 
the L Calc and Coverage values from the Leakiness analyses for both native scale and up-scaled 
images. Selected correlation results are shown in Tables 4-1 and 4-2 for RI and STVI images 
respectively. In most cases the native scale image’s values correlate more strongly than the up-
scaled image values. This is particularly true for L Calc values.  
 
Table 4-1 Correlation (R
2
) of variogram indices and Leakiness variables for RI cover images  
 
Resolution  First Range  Sill semi-var Avg Cover  L Calc 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Resolution  1 1 
 
  
 
  
 
  
 
  
First Range  1.000 0.890 1 1 
 
  
 
  
 
  
Sill semi-var 1.000 0.956 1.000 0.740 1 1 
 
  
 
  
Avg Cover  0.756 0.728 0.756 0.803 0.823 0.641 1 1 
 
  
L Calc 0.695 0.356 0.695 0.353 0.680 0.340 0.205 0.399 1 1 
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Table 4-2 Correlation (R
2
) of variogram indices and Leakiness variables for STVI cover images 
  
  
Resolution First Range  Sill semi-var Avg Cover Lcalc 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Native 
scale 
Up-
scaled 
Resolution 1 1                 
First Range 1.000 0.725 1 1             
Sill SV 0.909 0.878 0.909 0.798 1 1         
Avg cover  0.749 0.872 0.749 0.386 0.953 0.609 1 1     
Lcalc 0.735 0.340 0.735 0.200 0.946 0.384 1.000 0.316 1 1 
 
These correlations guided exploration of the following relationships between leakiness 
variables and changes caused by up-scaling. Figure 4-7 shows that average cover varies widely 
between native and up-scaled images and between RI and STVI coverage. No indication of a 
simple relationship is apparent. Figure 4-8 shows that while native scale L Calc values behave 
differently between RI and STVI changes in average cover, there is a similar negative power 
response of L Calc to up-scale cover change in both RI and STVI. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4-7 Change in RI and STVI cover with change in resolution for native and upscaled images 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4-8 Change in L Calc with change RI and STVI cover for native and upscaled images 
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The nature of the negative power relationship between L Calc and resolution for the up-
scaled RI and STVI images is shown in Figure 4-9 with similar power values of -1.411 and -1.36 
respectively. A similar type of relationship is also evident for the native scale images. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4-9 Change in L Calc with change in resolution for RI and STVI cover images for native and 
upscaled images 
 
The indeterminate effect of change in resolution on the sill semivariance for RI and STVI 
native scaled and up-scaled images is shown in Figure 4-10. Both RI and STVI have a higher smi-
variance at the sill at lower resolutions. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4-10 Change in sill semivariance for RI and STVI images with change in resolution. 
 
Figure 4-11 shows the negative power relationship between L Calc and the semi-variance at 
the sill for both RI and STVI up-scaled images. RI also shows a similar relationship for the native 
scaled images but the STVI native scale relationship is different. 
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Figure 4-11 Change in L Calc with sill semivariance for RI and STVI for native and upscaled images 
 
5 DISCUSSION 
It was expected that the different cover indices would yield different levels of cover because 
of their different formulae and that the amount of cover might be different in the different concurrent 
images. This is confirmed in Figure 4-1. However, the increase in STVI cover from 25m to 250m 
contrasts strongly with the decrease in RI cover between these same resolutions. The joint 
decrease in STVI cover and leakiness from 10m to 25m is also surprising because a decrease in 
cover would normally be expected to be accompanied by an increase in leakiness unless there 
was a marked shift in the location of the cover relative to the catchment pour point accompanying 
the change in resolution. The decrease in STVI leakiness at 250m is consistent with the increase in 
STVI cover at this resolution. 
The decrease in leakiness accompanying the decrease in RI cover from 10m to 25m change 
in resolution, while similar to the STVI cover and leakiness at these resolutions was also 
unexpected for the reasons given previously. Likewise the further decline in RI leakiness 
accompanying the decline in RI cover at 250m resolution was unexpected (Fig 4-1). 
When the 10m SPOT image was upscaled the STVI and RI cover values increased in a 
generally linear manner as shown in Figure 4-2. The plateau between 100 and 200m resolution 
followed by a decline at 250m for RI cover is unexplained. The upscaled values at 25m and 250m 
(Fig. 4-2) did not approach the native scale values for 25m and 250m (see Fig. 4-1). Catchment 
leakiness for both upscaled STVI and RI images decreased as a negative power of the resolution. 
Both the advent of imagery of widely different resolutions and the need to perform 
assessments of large areas has led to the common practice of image aggregation by resampling. 
Collins et al., (1999) wisely cautioned that “creating coarse-resolution data by averaging blocks of 
fine-resolution pixels is, at best, a rough approximation of the way in which remote sensing devices 
operate”. This is due in large part to the failure of aggregating processes to reflect the Point Spread 
Function of the sensor that leads to the generation of the pixel DN values. Despite this caution, and 
also because of it, the cubic convolution method of aggregation (ESRI 2012) was considered the  
best available method for upscaling the 10m SPOT imagery. 
Differences in the statistical behavior between native scale and upscaled images were 
analysed using variograms. The change in variance between the 10, 25 and 250m native scale 
images is shown in Figures 4-3 and 4-4. The 10 and 25m native image variograms are spherical 
(Collins et al., 1999) while the 250m variograms are exponential with evidence of structural 
nesting. These changes are likely to be due to different scales measuring the semivariance of 
different landscape features. This raises the question as to what the features are at each resolution 
level and whether or not they are features that influence leakiness. 
Higher resolution features may be expected to have lower nuggets and sill semivariances 
(Collins et al., 1999). This occurs with the RI 10 and 25m images when compared to the 250m 
image. The reason the STVI 10m image has a higher nugget and sill semivariance than the 25m 
image is unexplained. Both RI and STVI native scale images show a regular pattern of semi-
variance contours at higher resolutions (low pixel dimension) with evidence of feature nesting at 
lower resolutions at high lags (Figure 4-4).The upscaled image variograms (Figure 4-5) and 
semivariance contours (Figure 4-6) show a progressive decay in the internal variance structure of 
the image as it is upscaled.  
Many measurement indices can be derived from variograms and these can assist with 
classifying landscape structures (Balaguer et al., 2010). The first range and sill semivariance 
indices were analysed for correlation with image resolution, average cover and leakiness. The 
results for native and upscaled RI and STVI grey scale images are shown in Tables 4-1 and 4-2. 
13 
 
These were used to identify possible explanatory relationships between the image and leakiness 
variables. The reason the native scale image variance indices correlate more strongly  than the 
upscaled image variances (one exception, Table 4-1) with both coverage and leakiness of the 
imagery is thought to be due to the known effect of regularisation on degrading image variance 
(Turner et al., 1989; Wu 2004). 
The amount of average cover of concurrent images at different resolutions of the same area 
is different (Figure 4-7).  The potential reasons for this, range from the small difference in capture 
date for the Landsat image (one month after the SPOT and MODIS images) to sensor spectral 
differences and spatial feature recognition differences. The behavior of upscale average cover 
values was unpredictable. 
Leakiness increased linearly with increase in native scale RI cover but the relationship with 
STVI cover was inverted. When upscaled, leakiness had a negative power relationship with both RI 
and STVI cover (Figure 4-8). Leakiness also had a negative power relationship with resolution for 
RI and STVI native and upscaled images (Figure 4-9). 
Sill semivariance did not change with resolution in any easily explained way as shown in 
Figure 4-10. However, the leakiness of upscaled images correlated well (RI, R2=0.908 and STVI, 
R2=0.8974) with sill semivariance (Figure 4-11). This also held for native scale RI leakiness values 
but not for STVI leakiness. 
The uncertainties created by these results serve to caution the use of the Leakiness 
Calculator for catchment leakiness assessment with respect to comparison of results between 
different types of images taken at different resolutions and at different times. Any preprocessing 
steps that incorporate regularisation should also be carefully considered. Potential causes of 
variation need to be controlled in the design of any assessment in which results from one area are 
to be compared with the results from another area.  
 
6 CONCLUSION 
This study investigate the effect of scale on landscape function analysis through use of the 
CSIRO Leakiness Calculator and two cover indices applied to a grazing catchment in the dry 
tropics area of North Queensland. The two different cover indices produced different cover and 
leakiness results at any given image scale. Cubic convolution resampling was used to upscale the 
high resolution images to match the lower resolution images. The upscaled images produced 
different cover and leakiness results from the native scale images of the same scale. 
The reasons underlying the differences in results were investigated using semivariance 
techniques. Preliminary conclusions are that leakiness cannot be reliably calculated from 
resampled imagery because the Leakiness Calculator model relies on both the identification of the 
flow restricting landscape features and their location in the catchment flow path. Upscale 
resampling degrades the landscape features as evidenced by the decay in the structure of the 
variograms. This is accompanied by higher nugget values indicative of increased noise variance 
and a lower sill variance indicating decay of landscape feature variance. 
These results also raise questions about the failure of coincident imagery from different 
sensors to yield comparable leakiness results, the different leakiness responses to similar amounts 
of cover of different types and the suitability of different land cover indices to represent landscape 
feature flow restrictions. This raises the following questions; i. what scale of imagery should be 
used to get reliable results from the Leakiness Calculator, ii. Does this scale vary with the type of 
landscape, and iii. What features of the landscape determine the ideal image scale? 
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